value. In contrast, Merton's (1987) theory provides the primary nonbehavioral justification for investigating the pricing of IV in the cross-section of returns. Surprisingly, although Merton's (1987) model has been used as a theoretical motivation for investigating each of these effects, their interaction has not received much attention in the literature. 3 This paper examines the effect of investor base on the correlation between IV and returns. We exploit the fact that this interaction between the visibility of a stock (i.e., how widely followed it is) and the pricing of its IV is unique to Merton's (1987) model, thus providing an empirically testable implication that can distinguish Merton's (1987) under-diversification model from alternative explanations for the pricing of IV.
If Merton's (1987) intuition is correct, we should be able to determine that not only is IV priced in the cross-section of returns, but also that it is priced conditionally, depending upon each stock's visibility. Therefore, the main questions that we address in this paper are: 1) is expected IV indeed positively related to expected returns in the cross-section, and 2) if so, is there any evidence that the market segmentation induced by informationally incomplete markets is strong enough to produce the observed results? In other words, is the correlation between IV and returns constant across stocks, or is IV priced conditionally as a function of the stock characteristics (in particular, the completeness of investor base) ? We find that expected IV is positively correlated with expected stock returns. More importantly, our results strongly reject the hypothesis that the pricing of IV is independent of the stock's investor base and provide support for the idea that the pricing of IV is conditional upon a stock's visibility. This leads us to conclude that the market segmentation induced by costly information acquisition is strong enough to be, at least partly, responsible for the documented role of IV in the cross-section of returns.
Using an EGARCH-M estimate for IV, we find a positive relationship between expected IV and expected returns. In the interest of robustness, we construct four proxies for investor base that categorize stocks in terms of their degree of visibility (an inverse measure of information acquisition costs): breadth of institutional ownership, number of analysts following a stock, number of shareholders, and advertising expenses. Although these proxies are produced from different sources and cover different samples (both in terms of time periods and stocks covered), we find that the results for each of the four proxies paint a consistent picture. As anticipated, neglected stocks are, in general, smaller and less liquid, and have higher returns and higher IV relative to more visible stocks. Double sorts and Fama-MacBeth (1973) regressions conditioned on the magnitude of the investor base indicate that: 1) IV is positively related to returns in the cross-section, and 2) the IV premium is decreasing in the visibility of the stock. Specifically, we find that the IV premium is larger for neglected stocks, and smaller or even economically insignificant for the most visible stocks. For neglected stocks, long-short portfolios sorted on IV generate a significant risk-adjusted return between 2.57% and 6.10% per month depending upon the investor base proxy. However, for visible stocks, such a strategy does not generate statistically and economically significant returns. Moreover, after controlling for IV, we find that larger stocks are characterized by larger returns. This final point lends support to the hypothesis advanced by Merton (1987) that the well-documented size effect is actually a manifestation of an omitted variable problem.
Our results contribute to the literature in several ways. First, our results confirm that there is a positive relation between full sample EAGARCH-M estimated IV and expected returns (conditional upon investor base). In addition, we are the first to document that the pricing of IV is conditional on a stock's investor base for US equities. Moreover, we find that after controlling for investor base and IV, there is a positive relation between firm size and expected returns, as predicted by Merton (1987) , who posits that the well-known size effect is likely due to an omitted variable (IV). Additionally, Merton (1987) theoretically demonstrates that under incomplete information, the correlation between market beta and returns is not necessarily positive, as it depends upon both the market risk premium and the average shadow cost of incomplete information. After controlling for IV, we find a negative beta/return relationship. This is consistent with Merton's (1987) model if the incomplete information effect is relatively strong. Our results highlight Merton's (1987) intuition that the phenomenon of neglected stocks leads directly to the pricing of IV. This implies that the interaction between the investor base and the IV premium should not be omitted from future analysis of either phenomenon. Finally, while our results cannot speak to the validity of alternative explanations, they provide support for the notion that the degree of segmentation induced by incomplete information is strong enough to generate a correlation between IV and expected returns.
The rest of the paper is organized as follows. Section I presents a short overview of Merton's (1987) theoretical model and some related empirical studies. Section II describes the data and methodology employed. Section III reports our empirical results, while Section IV provides our conclusions.
I. Merton (1987) and Related Literature: The Interaction Between IV,
Firm Size, and Investor Base Merton (1987) shows that if investors only follow a subset of securities (or for some other reason, like high information or transaction costs, they are restricted from investing in the whole market portfolio), risky assets will be valued below their full information equilibrium price. As such, they will have higher expected returns than they would under complete information. The incremental equilibrium expected return on security k will be correlated with the shadow cost of incomplete diffusion of information among investors and the relation takes the following form: E (R k ) − E R * k = λ k E R * k /R , where E (R k ) is the expected return on firm k under incomplete information, E R * k is the expected return on firm k under full information, R is the risk-free rate, and λ k is the shadow cost of incomplete information, which is defined as:
where δ is the coefficient of risk aversion, σ 2 k is the IV of security k, x k is the fraction of the market portfolio invested in security k (in other words, the market value of the firm relative to the aggregate market value), and q k is the shareholder base of the firm relative to the total number of investors in the market (the fraction of all investors who follow security k).
Equation (1) is the source of both the neglected stocks literature (i.e., λ k is a function of q k ) and the IV/return literature (i.e., λ k is a function of σ 2 k ). While it is true that the model predicts both of these separate effects ceteris paribus, the "all else equal" is important. The shadow cost of incomplete information, λ k , is a strictly positive function of IV only if its other components are held constant across firms. If firm size and IV are negatively related, then the unconditional relation between the risk premium and IV may be positive, negative, or zero. In fact, the literature uniformly agrees that this is indeed the case. Larger stocks have lower IV estimates. More generally, given that size and investor base are firm specific and vary cross-sectionally, this interaction must be accounted for in empirical tests. Our analysis of Equation (1) highlights the importance of cross-sectional variation in the pricing of IV (not just the magnitude of IV). Ignoring the material difference between IV and IV premia (amount of risk × price of risk) could be a source of the contradictory results reported in previous studies. For example, it is clear from Equation (1) that a large degree of IV does not necessarily imply a large IV premium. In particular, the risk component may be offset by a relatively small firm size or a large investor base.
A number of theories make similar predictions regarding the sign of the relation between IV and returns, but they start from fundamentally different assumptions about investors' behavior and ultimately have different implications regarding the meaning of this relation. 4 As we can see from Equation (1), it is the interaction between the factors that differentiates the predictions of Merton's (1987) market segmentation model from alternative explanations.
An important strand of the empirical literature alludes to Merton's (1987) theoretical model as justification for examining the (unconditional) relationship between IV and returns. Using firm level data, Fu (2009), Spiegel and Wang (2005) , and Malkiel and Xu (2006) find that IV can positively predict expected stock returns. However, several studies that have found a positive correlation between expected IV and returns have used forward-looking data, which may induce a look-ahead bias in the results (Fink, Fink, and He, 2012; Guo, Kassa, and Ferguson, 2014) . In contrast, Ang et al. (2006 Ang et al. ( , 2009 ) find a negative relationship, using estimates based on lagged (realized) volatility. Bali and Cakici (2008) argue that the Ang et al. (2006) result is sensitive to different weighting schemes and the estimation of IV with daily versus monthly return data. Huang et al. (2010) suggest that it relates to the short horizon return reversal anomaly. Bali, Cakici, and Whitelaw (2011) find that the negative effect of IV is driven by its close relation with the maximum daily return in a month, proxying for demand for lottery-like stocks. Jiang, Xu, and Yao (2009) hypothesize that firms with high price volatility tend to be opaque in their earnings disclosures. Han and Lesmond (2011) argue that microstructure noise factors have a substantial effect on the realized variance measure. We conclude from the preceding discussion that there is no firm consensus in the literature concerning the cross-sectional relationship between IV and returns.
Alternatively, there is a parallel literature based on Merton's (1987) intuition that examines the relationship between investor base and returns. This strand of the literature is often referred to as the "investor recognition" or neglected stocks hypothesis and generally implies that firms with a smaller shareholder base have higher expected returns. There is ample empirical support for this hypothesis. For example, event studies indicate that events that increase investor recognition lead to increases in security values. Examples include listings on exchanges (Kadlec and McConnell, 1994; Foerster and Karolyi, 1999) , initiation of analyst coverage (Irvine, 2003) , addition to stock indices (Shleifer, 1986; Chen, Noronha, and Signal, 2004) , reduction of the minimum unit of trading (Amihud, Mendelson, and Uno, 1999) , hiring of investor relations firms (Bushee and Miller, 2012) , and increases in advertising expenditures (Grullon, Kanatas, and Weston, 2004) . 4 The relation may reflect behavioral biases. For example, if we take IV to be a relevant limit to arbitrage, this may imply that the relationship between IV and returns is positive among relatively undervalued stocks and negative among overvalued stocks (Cao, 2008) . Along these lines, Pontiff (2006) makes the point that of the two main categories of arbitrage costs (transaction costs and holding costs), idiosyncratic volatility, a holding cost, represents the greater arbitrage cost. As such, "idiosyncratic volatility is the single largest barrier to arbitrage." Alternatively, if we consider IV to be a measure of information uncertainty, Zhang (2006) finds that greater information uncertainty predicts higher expected returns following good news and lower expected returns following bad news and argues that this is inconsistent with the notion that information uncertainty is a cross-sectional risk factor that requires compensation in the form of higher stock returns.
There is also additional empirical support in the institutional ownership literature. Early research by Arbel, Carvell, and Strebel (1983) finds a negative correlation between institutional ownership and future returns, but Chen, Hong, and Stein (2002) uncover evidence of a positive relation between the change in the number of institutional holders and future stock returns. Lehavy and Sloan (2008) reconcile this inconsistent evidence in Chen et al. (2002) by referencing the investor recognition hypothesis. They demonstrate that changes in investor recognition are autocorrelated and, after controlling for this autocorrelation, changes in investor recognition are negatively related to future stock returns. Bodnaruk and Ostberg (2009) use a comprehensive database of Swedish individual investor shareholdings to construct measures of shareholder base and provide convincing evidence that expected returns are negatively related to the shareholder base. Additionally, Barber and Odean (2008) find that stocks that garner attention are disproportionately purchased by individual investors and, subsequently, earn poor returns.
II. Data and Methodology
We start with NYSE/AMEX/NASDAQ listed securities from the Center for Research in Security Prices (CRSP) monthly data file with Share Codes 10 or 11 from July 1963 to December 2012. We use an EGARCH-M algorithm to construct the IV measure and we require at least 60 months of prior return history, as well as convergence of the algorithm. In order to be able to obtain the necessary control variables, we require that the book value of common equity from the previous fiscal year be available from Compustat (we use the CRSP/Compustat merged database to identify the firms).
Since there are no publicly available data describing the investor base directly, we build four alternative proxies for investor base. The proxies come from different sources, have different frequencies, and cover different time periods. The four proxies are: 1) breadth of institutional ownership (obtained from Thomson Reuters 13F filings quarterly data from 1980 to 2012), 2) analyst coverage (the number of analysts is obtained from Institutional Brokers' Estimate System (I/B/E/S) monthly data from 1976 to 2012), 3) the number of shareholders (obtained from Compustat annual data from 1975 to 2012), and 4) advertising expenses (obtained from Compustat annual data from 1971 to 2012). We provide detailed explanations of the methodology used to construct our main variables of interest (IV and investor base) next.
A. Measuring IV
IV is unobservable; therefore, the practice in the literature is to consider the errors from a factor model (e.g., CAPM or the Fama and French, 1996 , three-factor model) as the idiosyncratic part of the returns and to use the standard deviations of these errors as a proxy for IV. However, previous studies indicate that volatility is time varying and asymmetric and the standard deviation from the error term may not capture these properties. ARCH-type models have been proposed to address the asymmetry and dynamic nature of volatility (Engle, 1982; Bollerslev, 1986; Nelson, 1991; Engle and Ng, 1993) . Thus, to capture the asymmetric and dynamic nature of volatility and the fact that (according to our null hypothesis) conditional volatility determines mean returns, we use an EGARCH-M process to model the variance of the errors.
We describe the monthly return process by the Fama and French (1996) three-factor model as illustrated in Equation (2) including the conditional standard deviation of the errors (IV) as one of the regression variables (EGARCH-M process). The error term corresponds to innovations in firm-specific cash-flows and the conditional distribution of the error term ε it (conditional on time t -1 information) is assumed to be normal with mean of zero and variance σ 2 it . The IV of individual stocks is the square root of the conditional variance σ 2 it , which is a function of the past p periods of residual variance and the q periods of shocks as estimated by Equation (3):
We restrict p and q between one and three, and permutations of these orders yield nine different EGARCH-M specifications for each stock. Of these nine combinations, we select the one that converges with lowest the Akaike Information Criterion (AIC). After completing this step, 17% of the stocks in our initial sample are eliminated as the EGARCH-M estimation algorithm did not converge. The modal p is one and the modal q is three (the median values for both p and qare two). Our choice for the lowest AIC is not driven solely by the desire to find a model that fits the data best. Given that we are modeling firm-specific risk, it is quite possible that the volatility process follows a different specification from firm to firm. Additionally, considering several models for each stock increases the chances that the algorithm will converge and produce meaningful estimates. Using the EGARCH-M specification described, we obtain monthly estimates of conditional IV for each stock each month. We should mention that the idiosyncratic volatilities obtained here are in-sample estimates using the full sample of returns available for each stock. This methodology is similar in spirit to the approach in Fu (2009) and Spiegel and Wang (2005) and, to a lesser extent, Huang et al. (2010) , which has been subject to some criticism in the literature. For example, Guo et al. (2014) and Fink et al. (2012) have found that using the full sample to estimate IV incorporates forward-looking information. As such, it may induce a look-ahead bias that influences the relation between returns and IV. However, our objective is to estimate IV as close to the unobservable "true" IV as possible, as we are trying to understand the correlation between IV and returns. As Fink et al. (2012, p. 520) note, the "use of the full information set [is] appropriate when testing theoretical models such as Merton (1987) and Malkiel and Xu (2006) ." This is precisely our objective. While the look-ahead bias is problematic for creating trading strategies or running predictive tests, it presents less of an issue when the purpose of the analysis is to understand the true role of IV in the cross-section of returns.
B. Measuring the Completeness of Investor Base
The theoretical concept of investor base described by Merton (1987) should capture the fraction of investors in the market who are informed about a certain security. While this is difficult to measure directly, there are at least two different categories of proxies that should, in theory, be correlated with this concept. We can consider measures correlated with the visibility of a stock. The idea is that people are likely to be better informed about more visible stocks and, as such, are more likely to consider holding them in their portfolios. Alternatively, it seems natural to assume that the number of investors who follow a security is increasing in the number of investors who actually own that security. Therefore, ownership of a security is a good proxy for knowledge of that security.
In the interest of thoroughness, we consider two proxies from each category. As proxies for the visibility of a stock we consider: 1) the number of analysts following the stock and 2) the firm's advertising expenses. Individual investors' holding data would provide the ideal data for building an ownership proxy; however, these type of data are not currently available for the US market.
5 Therefore, we use alternative ownership proxies, such as: 1) the breadth of institutional ownership and 2) the number of shareholders. We describe each proxy in more detail below.
Breadth of Institutional Ownership
This variable is derived from the Thomson CDA/Spectrum 13F institutional transaction quarterly data, covering the period from 1980 to 2012. Following Chen et al. (2002) and Lehavy and Sloan (2008) , we define the breadth of institutional ownership as the ratio of the number of 13F filers that hold a long position in that stock to the total number of 13F filers in the sample for that quarter. This variable is highly autocorrelated. As such, the previous literature has accounted for this problem by considering changes in, instead of levels of, institutional ownership. Initially, Chen et al. (2002) find evidence of a positive correlation between the change in the number of institutional holders and future stock returns, and point out that this is inconsistent with Merton's (1987) model. However, Lehavy and Sloan (2008) report that changes in investor recognition are also autocorrelated and that after controlling for this autocorrelation, a negative relation emerges. It should be noted though, that Merton's (1987) model implies a connection between the level (i.e., not the change) of investor base and expected returns. Since our methodology employs this variable mainly as a cross-sectional sorting mechanism, we are less concerned about the autocorrelation issue, and choose to use the level of the breadth of institutional ownership in order to stay closer to Merton's (1987) original theoretical construct. The frequency of the 13F filings is quarterly. As such, we transform this measure into a monthly measure by assuming that the breadth of ownership stays constant during the months of a quarter. 
Analyst Coverage
The data on analyst coverage are obtained from the I/B/E/S that provides monthly analysts forecasts covering the period from 1976 to 2012. Following Diether, Malloy, and Scherbina (2002) , for each stock in CRSP, we set the coverage in any given month equal to the number of I/B/E/S analysts who provide fiscal Year 1 earnings estimates that month. Analyst coverage is associated with more recognizable firms (Moskowitz, 2005) and it will be correlated with the visibility of a stock. This variable has also been shown to improve the speed with which a stock's price responds to information (Hong, Lim, and Stein, 2000) .
Number of Shareholders
The number of shareholders is an annual measure obtained directly from the Compustat annual files and has been used in previous literature as a proxy for attention/recognition (Moskowitz, 2005) . In order to transform this variable into a monthly variable, we assumed that the number of shareholders remains constant throughout the year. We assigned the yearly measure at the beginning of year t to each of the 12 months in year t. The data covers 1975-2012. 5 Bodnaruk and Ȫstberg (2009) obtained access to a comprehensive database of Swedish individual investor shareholdings and used it to construct measures of investor base and the shadow cost of incomplete information (Merton, 1987) . 6 We also used interpolation and assumed that the variable changes linearly throughout the months of the quarter. The results are qualitatively similar and are available upon request.
Advertising Expense
Advertising expense provides another measure of recognition that has been shown to affect investor's portfolio choices (Cronqvist, 2006) , as well as a firm's liquidity and breadth of ownership. Based on the idea that investors are more likely to buy what they know, Grullon et al. (2004) find that firms with greater advertising expenditures have a larger number of both individual and institutional investors. This suggests that advertising expenditures are likely to be correlated with the investor base concept described by Merton (1987) . Since this is an expense item coming from the income statement, we transform the measure into a monthly measure by assigning the yearly amount at the end of year t to each of the 12 months of year t.
Each of the four proxies described above have several common characteristics that influenced our choice of methodology: 1) they are all inherently sticky (autocorrelated) variables, 2) aside from the advertising expense, they are not continuous, but categorical variables, and 3) they are all highly correlated with the market capitalization of the stocks considered. These characteristics would present difficulties if these variables were used directly as control variables in crosssectional tests (autocorrelation, insufficient cross-sectional variation, or multicollinearity). Thus, we use them primarily as cross-sectional sorting tools to group stocks into visible/neglected categories. We then test within these categories for significantly different behavior of the relation between IV and returns.
C. Control Variables
We consider control variables that have been previously shown to be significant in the crosssection of returns. Specifically, we follow Fama and French (1992) to build proxies for beta, size, and book-to-market variables (for size, we also construct relative size as the percentage of the overall capitalization of the market in an attempt to follow the theoretical construct described in Merton, 1987) .
7 Following Fink et al. (2012) , we also include the systematic risk betas from the Fama-French (1992) model denoted as MKTBETA, SMBBETA, and HMLBETA, estimated based on a rolling 60-month basis. Since liquidity has been shown to affect mean returns (Amihud and Mendelson, 1986; Brennan and Subrahmanyam, 1996; Chordia, Subrahmanyam, and Anshuman, 2001 ) and it shares some common characteristics with IV (Spiegel and Wang, 2005) , we consider dollar volume as a proxy for the liquidity characteristic of a firm. Additionally, we include a liquidity beta measure as a control in our multivariate tests, estimated using the Pastor and Stambaugh (2003) liquidity factor on a 60-month rolling basis denoted as PSBETA. As robustness check, we also used DOLARVOLUME and TURNOVER as proxies for liquidity in all of our tests, and the results are qualitatively unchanged (untabulated). We also consider cumulative returns over the previous six months as a control for momentum (Chichernea and Slezak, 2013, and McLean, 2010, show that IV and momentum may be related). In addition, Huang et al. (2010) demonstrate that lagged return (as a control for reversals) is an important variable in cross-sectional return regressions. As such, we include it as a control variable in our tests. 8 Our empirical findings are discussed in the following section.
III. Empirical Results
Once we obtain proxies for each of the variables of interest, our approach is relatively straight forward. We begin by documenting the overall sample characteristics and investigate whether the four proxies for investor base paint a consistent picture in terms of the characteristics of stocks assigned to visible/neglected categories. Next, we examine whether there is any evidence that the correlation between idiosyncratic risk and returns is conditional upon the completeness of the investor base as predicted by Merton's (1987) equilibrium model.
A. Sample Characteristics
The summary statistics for the main variables used in our tests are presented in Table I . In Panel A, we report the descriptive statistics for the complete sample of stocks traded on NYSE/AMEX/NASDAQ from July 1963 to December 2012 for which we were able to obtain IV estimates and controls. We further restrict this sample depending upon data availability for each investor base proxy and report the descriptive statistics in Panel B.
The average monthly return in the overall sample is 1.27%, with a mean excess return (raw return minus one-month T-bill rate) of 0.84% and an average IV of 11.48%. The summary statistics for the control variables are presented.
In Panel B of Table I , we observe that the average (median) breadth is 5.53% (2.46%), the average (median) number of analysts following is 7.63 (5.17), the average (median) advertising expense is $47.95 ($3.78) million, and the average (median) number of shareholders is 10,228 (2,280). The second set of columns in Panel B provides the sample coverage for these four investor base proxies. The richest samples in terms of the average number of firms per crosssection are obtained when Breadth of Ownership and Number of Shareholders are used as proxies for investor base (2,706 and 2,608 average number of firms per cross-section, respectively). The other two variables, Advertising Expenses and Number of Analysts, cover relatively fewer firms per cross-section (860 and 1,745, respectively), but the sample coverage starts a little earlier (1971 and 1976, respectively) . The frequency of these proxies varies from monthly to yearly (see discussion in Section II on how we transform these into monthly variables). The advantage of using four different samples is that they serve as robustness checks on each other. However, there is an unavoidable selection bias when using these proxies. Any of the four samples will be tilted toward relatively large stocks (which are more likely to have analyst coverage, to be owned by institutions, and to report advertising expenses and the number of shareholders). However, a sample biased toward larger, better known firms should generally work against our finding any evidence of market segmentation.
We use each of our four proxies for investor base to categorize stocks based on their visibility in order to investigate the "reasonableness" of our proxies and to demonstrate any significant differences between what we deemed as neglected (narrower investor base) versus "visible" (broader investor base) stocks. The results are reported in Table II. The four proxies paint a consistent picture of the characteristics of visible/neglected stocks. As expected, neglected stocks are, in general, smaller and less liquid, and have higher returns relative to the more visible stocks. This is consistent with the investor recognition hypothesis that has been documented in previous studies. Additionally, neglected stocks have a considerably higher IV than visible stocks. For example, in the breadth sample (Panel A of  Table II) , the average IV in the neglected stock quintile is more than twice the average IV in the visible stock quintile (17.33% vs. 8.13%). We find similar patterns in the other three samples.
Table I. Descriptive Statistics
Panel A presents the descriptive statistics for the comprehensive sample of stocks traded on NYSE, AMEX, or NASDAQ from July 1963 to December 2012. RETURN is the percentage monthly return. EXRET is the monthly excess return (raw return minus one-month T-bill rate). BETA and BE/ME are estimated based on the definitions in Fama and French (1992) . The market value of equity (ME) is the product of the monthly closing price and the number of outstanding shares. The relative size (x) is calculated as the ratio of the market value of equity for a particular firm to the total market value. The expected idiosyncratic volatility (EIV) is the one-month ahead expected idiosyncratic volatility estimated through an EGARCH-M specification applied to the Fama-French (1996) three-factor model. DVOL is the average of dollar volume calculated over the past 36 months beginning in second to the last month, following Chordia et al. (2001) . RET (-7:-2) represents the cumulative average return over the past six months (skipping a month). Skewed variables are reported as the natural logarithms. Panel B describes the summary statistics for each of the four proxies for investor base. We report these separately since each of these four sets of statistics are calculated based on different samples, depending upon the coverage of that particular proxy (the last columns of Panel B describes the coverage of each variable including the time period covered, the frequency of the variable, and the average number of firms in a cross-section). Breadth of institutional ownership is the ratio of the number of 13F filers that hold a long position in that stock to the total number of 13F filers in the sample for that quarter. NoAnalysts is the number of IBES analysts who provide fiscal year one earnings estimates each month. Advertising Expenses and Number of Shareholders come directly from the Compustat annual files and are winsorized at the 1% level to eliminate the influence of outliers. In Table III , we determine that the general characteristics of the correlation matrix are consistent with the results documented in the previous literature for many of the control variables.
Variables
We focus our discussion on three variables of interest: 1) IV, 2) investor base, and 3) size. Regardless as to the proxy involved, the correlation between expected IV and returns is positive. Although the traditional size effect is evident (negative correlation between size and returns), there is also a strong negative correlation between IV and size (small stocks have larger IV). As
Table II. Descriptive Statistics per Category of Investor Base
At the end of every month t, stocks are ranked by the respective completeness of the investor base measure (five categories, with the lowest one as the most neglected stocks). The four panels represent the four different proxies for the investor base (the use of each proxy dictates a different sample). The table presents the average characteristics of the portfolios obtained for returns, expected idiosyncratic volatility, beta, book-to-market, size, dollar volume, and past cumulative returns (see Table I for a description of these variables). noted in our discussion following Equation (1), this is consistent with Merton's (1987) argument that the size effect documented in the literature may be a manifestation of an omitted variable (IV). Our multivariate tests will further investigate this issue. The univariate relationship between our proxies of investor base and returns does not present consistent signs across our different samples. However, all of the investor base proxies are Table III. Correlation Table   This table presents the time-series means of the cross-sectional Pearson correlations within each of the four samples obtained by using the four proxies for investor base (since each sample has different coverage, we report separate correlations for each). The four correlation numbers in each cell represents, respectively, the correlation obtained based on the sample built using the breadth of ownership, number of analysts, advertising expenses, and the number of shareholders. Variable definitions are presented in Table I . negatively correlated with IV and positively correlated with size. This is consistent with the results reported in Table II that neglected stocks tend to be small stocks with higher IV. Panel E of Table III reports the correlation between the four proxies and it varies from 55% (Number of Analysts and Number of Shareholders) to 78% (Breadth of Ownership and Number of Analysts) suggesting that while they are not identical measures, they capture similar characteristics. Overall, Tables II and III indicate that the four proxies for investor base generate subsamples that are consistent with our intuition regarding the characteristics of neglected and visible stocks. On average, neglected stocks are smaller, highly volatile, less liquid, and have higher returns.
Completeness of Investor

RETURN
B. Portfolio Sorts
We begin our formal analysis by sorting stocks into quintile portfolios based on expected IV. In Panel A of Table IV , we sort stocks into quintile portfolios on expected IV and report the value weighted Fama and French (1996) risk-adjusted returns (i.e., alphas) for each quintile portfolio. The procedure is repeated for each of the four samples determined by the use of a particular investor base proxy and the overall sample.
Panel A of Table IV indicates that those stocks with high IV generally have higher risk-adjusted returns. The average monthly difference in risk-adjusted returns (i.e., alphas) between the high and low IV stocks varies from 2.08% (for the sample determined by Number of Shareholders) to 0.99% (for the sample determined by Number of Analysts) and is statistically significant. The correlation between IV and returns is not sample specific (all four samples produce qualitatively similar results). While results from these sorts confirm a statistically and economically significant positive relationship between IV and returns, Merton's (1987) model further predicts that the difference in risk-adjusted returns between high and low IV stocks should be more pronounced in the neglected stocks (i.e., low investor base category) than visible stocks (i.e., high investor base).
In Panel B of Table IV , we report value weighted risk-adjusted returns for five-by-five double sorts by investor base and IV. At the beginning of each month, we divide all of the firms into quintiles based on the investor base proxy. Within each investor base group, we sort the stocks into quintiles based on IV. Value weighted Fama and French (1996) three-factor alphas are presented for each of the 25 portfolios. For every one of the four samples, the correlation between IV and returns is monotonically decreasing as we move from the most neglected to the most visible stocks category. For example, in the sample determined by Breadth of Ownership as a proxy for investor base, a portfolio strategy that is long in high IV stocks and short in low IV stocks earns
Table IV. Alphas of Portfolios Sorted by Idiosyncratic Volatility (IV) and Investor Base
The table reports Fama and French (1996) alphas, with Newey-West (1987) corrected t-statistics in parenthesis (using six lags). Panel A presents the alphas of value weighted portfolios for our complete sample (before merging with the investor base proxies), as well as within each of the fours samples determined by the use of the respective proxy for investor base (we use ln(Size) t-1 for the weights). Each month, we sort stocks into quintiles based on the level of their expected IV for that month. We then form value weighted portfolios and calculate the alphas relative to the Fama-French (1992) three factors for each quintile (the last column presents the alphas of the difference between extreme quintiles). For Panel B, we first sort the stocks based on the investor base measure (using each of the four proxies) and then, within each quintile, we sort the stocks based on the expected IV for that month. Then, we form value weighted portfolios and calculate the alphas relative to the Fama-French (1992) three factors for each category (the last column presents the alphas of the difference between extreme quintiles of expected IV). We report the results for each of the four samples determined by the use of the respective proxy for investor base. a statistically and economically significant average alpha of 6.10% per month in the neglected stock category (i.e., the 1st quintile). However, the economic and statistical significance of a similar strategy decreases monotonically as we move to the more visible stocks. The next four quintiles produce an alpha of 3.35%, 1.48%, 0.68%, and 0.28%, respectively, and the 0.28% return difference in the most visible stock category (i.e., the last quintile) is not statistically significant. We obtain qualitatively similar results for the remaining three samples (see Panels B.II, B.III, and B.IV of Table IV) . Overall, the results from Table IV indicate that the positive relation between IV and returns is primarily driven by neglected stocks. This is consistent with Merton's (1987) prediction that if investors follow a subset of securities, risky assets will be valued below their full information values and, as such, will have higher expected returns. A more precise picture of the magnitude and behavior of this relationship can be established via multivariate analysis.
Panel A. Simple Sorts by IV
C. Fama-MacBeth Regressions
In this subsection, we utilize Fama-MacBeth (1973) regressions to investigate the relationship between IV, investor base, and expected stock returns. First, we confirm that there is a positive correlation between stock returns and expected IV in Table V . Then, we investigate this relation further within each investor base quintile portfolio and find that it is significantly weaker in the visible stock portfolio (Tables VI and VII) . Finally, as a robustness check, we demonstrate that our results are unchanged when we use contemporaneous realized IV as an alternative measure for volatility (Table VIII) .
The results in Table V indicate that the positive relation between expected IV and expected stock returns is robust to different model specifications (i.e., including different control variables) and across different samples.
For example, Model 2 of Panel A (the Breadth sample) indicates that after controlling for commonly used stock characteristics, the Fama-MacBeth (1973) regression coefficient on expected IV is 2.49 with a Newey-West (1987) adjusted t-statistics of 12.12. In Model 3, we report that this result is robust to including MKTBETA, SMBBETA, and HMLBETA as measures of systematic risk, along with the Pastor and Stambaugh (2003) factor PSBETA as a proxy for liquidity. The signs and significance of the coefficients for the controls for systematic risk are consistent with the results obtained in the previous literature (e.g., Fink et al., 2012) . PSBETA does not seem to be significant in most of our specifications, which may be the due to the nature of our samples (which, as noted above, are tilted toward larger, more liquid stocks). The results are qualitatively similar across the four samples considered (see Panels B, C, and D of Table V) and the coefficient on IV is relatively stable and economically significant. For example, a 1% increase in IV would increase expected returns by about 1.73% to 2.74% per month depending upon the sample and the model specification used. Additionally, the table indicates that including IV in the regression increases the explanatory power of our models in each of the four samples.
It is interesting to note that in addition to the relation between IV and stock returns, the regression results in Models 2 and 3 demonstrate that beta is negatively correlated with returns. This result is also consistent with Merton's (1987) prediction, who argues that in the presence of incomplete information, investors demand an additional premium to hold risky assets relative to CAPM. Specifically, under incomplete information, Merton (1987) derives the following equilibrium expected return for a security k:
where λ k − β k λ M is the additional premium relative to CAPM and is determined by the shadow cost of incomplete information for security k (λ k ) and the weighted average shadow cost of incomplete information over all securities (λ M ). This result implies that beta can have a negative or positive correlation with returns depending upon whether the market risk premium is less than or greater than the average shadow cost of incomplete information. 10 Thus, the regression results from Models 2 and 3 of Table V imply that the shadow cost of incomplete information is greater than the market risk premium resulting in a negative beta coefficient.
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Finally, Table V indicates that size is positively correlated with returns after controlling for IV. Fu (2009) reports a similar result using in-sample EGARCH estimates of IV. This result 10 The partial derivative with respect to beta becomes
is the market risk premium, and λ M is the weighted average shadow cost of incomplete information. 11 This is consistent with results obtained by Fink et al. (2012) . We thank the anonymous referee for suggesting this interpretation.
Table V. Fama-MacBeth Regressions
The table presents the time-series averages of the slopes in the cross-sectional regressions using standard Fama and MacBeth (1973) methodology (the regressions are run using the whole universe of stocks). Several models are considered. The t-statistics reported in parentheses are Newey-West corrected t-statistics using six lags. The dependent variable is the percentage monthly return. BETA_FF92 and Ln(BEME) are beta and book-to-market estimated following Fama and French (1992) . Ln(ME) is the log of ME at time t -1. EIV is the expected conditional idiosyncratic volatility estimated through an EGARCH-M model, and it is multiplied by 10. RET t-1 is percentage lag return. RET (-7:-2) represents the percentage cumulative returns over the past six months (skipping one month). We got the variables MKTBETA, SMBBETA, HMLBETA, and PSBETA from a rolling 60-month window regression of excess return on excess market return, SMB, HML, and Pastor and Stambaugh (2003) is consistent with the notion that the well-known size effect documented in the literature is a manifestation of an omitted variable problem (namely, IV). The novel argument in our paper is that consistent with Merton's (1987) hypothesis, there is a difference in the pricing of IV across neglected and visible stocks. In order to test this hypothesis, for each of the four samples, we divide the universe of stocks into quintiles based on the investor base measure and assign a dummy variable for each quintile. We define dummy variables to identify the differences between coefficients of IV across categories. Our base group is the visible stocks. We allow both the intercept and the coefficient of IV to vary across groups (by including regular dummies and interaction dummies, respectively). The results are presented in Table VI .
The coefficient on IV in Table VI represents the pricing of IV in the control group that, in our case, is the group of visible stocks. Our variables of interest are the interaction dummies (I 20 , I 40 , I 60 , and I 80 ) that capture the differences in the pricing of IV across investor base categories (relative to the visible stock category, which is the base group). The interaction dummies are monotonically increasing in magnitude indicating that the importance of IV increases as the visibility of the stocks decreases. The difference between the neglected groups and the visible group (I 20 and I 40 ) is significant for all of the specifications in all four samples considered supporting the argument that IV carries a greater premium among neglected stocks.
One other thing to note in Table VI is the significance of the raw dummies designed to allow the intercept to vary across investor base categories. Since our models may not be comprehensive and the intercept may catch any omitted variables, it is important to allow it to change across groups (the results indicate that there may be other differences in the pricing of neglected stocks, aside from the differential IV effect). Unexpectedly, the coefficient on the dummies has a negative sign indicating that after controlling for IV and its interaction effects, the neglected stocks have lower returns.
Table VI. Fama-MacBeth Regressions with Dummy Variables for Investor Base Categories
This table presents the time-series averages of the slopes in the cross-sectional regressions using standard Fama and MacBeth (1973) methodology. The regressions are run using the whole universe of stocks. We include two sets of dummy variables to differentiate the effects across the investor base category.
The first set, D n, contains regular dummies designed to allow the intercept to change across groups (the subscript n denotes the higher percentile level that determines the cutoff for the respective group. The control group is the group of visible stocks, D 20, denoting the group of neglected stocks). The second set of dummies, I n , are interaction dummies (EIV × D n ) designed to allow the effect of idiosyncratic volatility to change across groups (same convention applies in terms of the control group and the meaning of the subscripts). The dependent variable is excess monthly returns. The rest of independent variables are as described in Table V . Numbers in parentheses are Newey and West (1987) 
Table VII. The Effect of Idiosyncratic Volatility (IV) within Investor Base Categories
This table presents the coefficients on IV from Fama-MacBeth (1973) regressions that are run separately within investor base quintiles. For each of the four samples, we divide the universe of stocks into quintiles based on the respective proxy for visibility (the four proxies for visibility are described in Table I ). Fama-MacBeth (1973) characteristic regressions are run at individual stock levels within each investor base quintile, using the following two cross-sectional models:
Model 1:
Model 2:
The variable descriptions are in Table V . The table presents the time-series average of the coefficient on EIV (β 6 ). The last column presents the differences in the coefficients of IV between the neglected stocks and the visible stocks (the time-series distribution of β 6 coefficients obtained in each category is used to test for statistical significance). Numbers in parentheses are Newey and West (1987) The table presents the coefficients on IV from Fama-MacBeth (1973) regressions that are run separately within investor base quintiles, using the contemporaneous Ang et al. (2006) realized measure of IV multiplied by 10. For each of the four samples, we divide the universe of stocks into quintiles based on the respective proxy for visibility (the four proxies for visibility are described in Table I ). We repeat the Fama-MacBeth (1973) characteristic regressions described in Table VII using the alternative measure of IV and present the coefficients of this variable within each investor base category (and for each respective sample).
Model 1:
Numbers in parentheses are Newey and West (1987) A potential caveat for the results in Table VI is that while the coefficient of IV and the intercept are allowed to vary across investor base categories, the coefficients of the other control variables are not. To the extent that there are any other differential effects at play between the visible and neglected stocks, this may influence our results (and may be responsible for the unexpected negative sign on the intercepts). In order to account for that, we run separate Fama-MacBeth (1973) regressions within each category of investor base (allowing every coefficient to vary across groups) and use the time-series distribution of IV coefficients to determine whether there are any significant differences across the neglected and visible stocks categories. Table VII presents the coefficients on our measure of IV from two alternative cross-sectional models for returns within each one of our four samples.
The results from Table VII indicate that regardless of the sample or the model employed, the coefficients of IV decrease monotonically across the investor base categories. More specifically, the coefficient of IV for the neglected stocks is significantly higher than the coefficient for the visible stocks categories. The last column in Table VII examines whether the coefficient on IV within the neglected stocks category is significantly larger than the coefficient within the visible stocks category. The results indicate that neglected stocks have significantly higher IV coefficients than their visible counterparts across the board.
To summarize, the empirical results in Tables VI and VII strongly support the notion that the premium per unit of IV is greater for neglected stocks than for visible stocks. Our previous results (see Table II ) also find that the magnitude of IV for neglected stocks is greater, on average, than that of the more visible stocks. Taken together, we conclude that the IV premium (amount of risk × pricing of risk) is larger for neglected stocks, which is consistent with the predictions of Merton's (1987) theoretical model.
E. Robustness Checks
We subject our results to a battery of robustness checks to determine whether our conclusions are driven by particular assumptions we made in proxy formation or our choice of methodology. For example, we verified that our results are not dependent on alternative weighing schemes (Bali and Cakici, 2008) , the use of raw versus abnormal returns, or the use of alternative control variables (untabulated). One main concern is whether our conclusions are driven by our proxy for IV, which has been subject to some debate in the literature. To alleviate this concern, we repeat our tests using the realized volatility measure from Ang et al. (2006) . We investigate whether the coefficients on this measure vary significantly with the visibility of the stocks (i.e., we repeat our main tests from Table VII using this alternative measure of IV). The results are presented in Table VIII .
The results obtained using realized volatility support our conclusion that the return per unit of IV is greater for neglected stocks than it is for visible stocks across the alternative investor recognition samples.
Another interesting question is whether the impact of the incomplete information effect on the IV-expected return relation has significantly changed through time. It seems likely that advances in information technology have reduced the cost of following all stocks and, as such, has reduced the market segmentation between the most visible and most neglected stocks. Thus, it seems likely that the average investor base has increased over time. Moreover, the average firm size has also increased in recent years. Finally, there is some evidence that average IV has also increased.
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Since the shadow cost of incomplete information as described by Merton (1987) Equation (1) is increasing in firm size and IV, but decreasing in investor base, these trends may have offsetting effects on the IV risk premium. Consequently, the net effect over time is not obvious. Our (untabulated) analysis supports the conclusion that the offsetting effects roughly neutralize each other, resulting in a fairly stable IV risk premium over the full sample period.
IV. Conclusion
We conduct a comprehensive investigation of the role of IV in the cross-section of returns with a primary focus on the interaction between the breadth of investor base and the pricing of IV. Most of the IV literature citing Merton's (1987) model of market segmentation omits this interaction effect and begins from the premise that the model unequivocally predicts a positive correlation between IV and returns. We argue that this is not the case and that focusing on the influence that the shareholder base may have on the relationship between IV and returns can empirically differentiate between the predictions of the model proposed by Merton (1987) and other models proposed in the literature.
Using an EGARCH-M methodology to estimate IV and employing four different proxies for investor base (breadth of institutional ownership, analyst coverage, the number of shareholders, and advertising expense), we find strong support for the theoretical model proposed by Merton (1987) . Specifically, our results consistently demonstrate a significant interaction between IV and investor base. IV risk premia are larger for neglected stocks and smaller, or even economically insignificant, for more visible stocks. This finding arises from the interaction of two effects that reinforce each other. First, as repeatedly noted in the extant literature, neglected stocks are characterized by greater IV than more visible stocks. In addition, consistent with Merton (1987) (and this is the primary contribution of our paper), we find that the price per unit of IV risk is greater for neglected stocks than for those stocks characterized by broader investor bases. Since the total IV risk premium is the product of the quantity of risk and its price, these two effects combine to generate the significantly greater IV risk premia that we find. Finally, we find two other results that are consistent with Merton's (1987) predictions. Once we control for IV, we find that larger stocks are characterized by larger returns. In addition, when accounting for the incomplete information effect, we observe a negative correlation between betas and returns. The first result is consistent with the hypothesis that the well-documented size effect is actually a manifestation of an omitted variable (IV). The second result speaks to the theoretical proof that once the common information assumption is relaxed, the market beta/return relation is a function of the degree of incomplete information. If this information effect is strong enough, Merton's (1987) model allows for a negative market beta/return relation. Our empirical results suggest that the incomplete information effect is severe.
Our results are the first evidence based on US stock market data validating Merton's (1987) equilibrium model of asset pricing in the presence of incomplete information. We find support for the major implications of his model. The price of IV risk varies with the investor base. The IV risk premium is a function of investor base, firm size, and the magnitude of IV. The market beta/return relation can be negative (i.e., firms with greater exposure to market risk earn lower returns) and, after controlling for IV, the size effect is positive (i.e., larger firms earn larger returns). One implication of these findings is that the market segmentation induced by incomplete information is strong enough to be, at least partially, responsible for the documented relation between IV and returns.
